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To date, most genome-wide association studies (GWAS) and studies of ﬁne-scale population structure have been conducted primarily on
Europeans. Han Chinese, the largest ethnic group in the world, composing 20% of the entire global human population, is largely under-
represented in such studies. Awell-recognized challenge is the fact that population structure can cause spurious associations in GWAS. In
this study, we examined population substructures in a diverse set of over 1700 Han Chinese samples collected from 26 regions across
China, each genotyped at ~160K single-nucleotide polymorphisms (SNPs). Our results showed that the Han Chinese population is intri-
cately substructured, with themain observed clusters corresponding roughly to northern Han, central Han, and southernHan. However,
simulated case-control studies showed that genetic differentiation among these clusters, although very small (FST ¼ 0.0002 ~0.0009), is
sufﬁcient to lead to an inﬂated rate of false-positive results even when the sample size is moderate. The top two SNPs with the greatest
frequency differences between the northern Han and southern Han clusters (FST> 0.06) were found in the FADS2 gene, which associates
with the fatty acid composition in phospholipids, and in the HLA complex P5 gene (HCP5), which associates with HIV infection, psori-
asis, and psoriatic arthritis. Ingenuity Pathway Analysis (IPA) showed that most differentiated genes among clusters are involved in
cardiac arteriopathy (p < 10101). These signals indicating signiﬁcant differences among Han Chinese subpopulations should be care-
fully explained in case they are also detected in association studies, especially when sample sources are diverse.Introduction
Population stratiﬁcation or ancestry differences among
subpopulations poses a general concern in genome-wide
association studies (GWAS) because it can cause spurious
associations.1–3 Previous studies have shown that even
minor stratiﬁcation can have a substantial impact on
population-based studies with large sample sizes.4–11
Therefore, characterization of population substructure is
important in study design, statistical analysis, and inter-
pretation of the results of association studies. However,
so far most genome-wide studies of ﬁne-scale population
structure focused primarily on Europeans,3,12–17 although
the majority of the global health burden is in low- and
middle-income countries with populations of non-Euro-
pean origins. The recent release of detailed characteriza-
tion of genetic diversity in non-European populations,
such as Africans,18 Paciﬁc Islanders,7 Native Americans,19
Southeast Asians,20 Indians,21 and Japanese,22 demarcated
an extension of efforts on populations of other geographic
origins.
Han Chinese is the largest ethnic group in the world,
making up 20% of the entire global human population.
However, studies on its population substructures have762 The American Journal of Human Genetics 85, 762–774, Decembbeen largely underrepresented in similar efforts worldwide.
In the next two years, China will, with a pledge of $30
million, launch a project to search at a genome-wide level
for genes that contribute to common diseases such as
cancer, hypertension, type 2 diabetes, and psychiatric
illness in the Han Chinese, who make up 92% of the pop-
ulation of China. Although we have shown in previous
studies, on the basis of genome-wide single-nucleotide
polymorphism (SNP) data from the Human Genome
Diversity Panel (HGDP),4,23 that the average of genetic
differences between Han Chinese population samples
(FST ¼ 0.002) was much lower than that among European
populations (FST ¼ 0.009),24 population substructures are
often expected in the Han Chinese because of the popula-
tion’s complex origins and long history of interaction with
many surrounding ethnic groups. Furthermore, given that
genetic studies are currently aiming at identifying smaller
and smaller genetic effects, recognizing and controlling
for population substructure, even at such a ﬁne level
within a seemingly homogeneous population, becomes
imperative if one is to avoid confounding and spurious
associations.25
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and the identiﬁcation of genetic variants whose contribu-
tion to disease risk differs across Han Chinese subpopula-
tions. In this study, genotyping data from approximately
160,000 SNPs were collected from more than 1700
Han Chinese population samples residing in 26 of the
34 administrative regions of China. With these diverse
samples encompassing both geographical populations
and metropolitan populations, we conducted population-
structure analyses and simulation studies to investigate
whether the Han Chinese population is stratiﬁed and to
what extent the stratiﬁcation affects the results of the asso-
ciation studies. We investigated false-positive rates and
statistical power in various study designs, using both
empirical and simulated data. We also identiﬁed SNPs, as
well as genes, that showed substantial differences among
subpopulations and discussed the important issues of
sample-collection strategies, optimal association-study
design, and public data usage for future association studies
involving Han Chinese. To our knowledge, this study is the
ﬁrst effort to address the issue of ﬁne-scale population
substructures and GWAS design in Han Chinese by using
genome-wide SNPs.
Subjects and Methods
Populations and Samples
Overall, 1721 Han Chinese samples were studied, of which 1506
samples were collected in this study. A total of 44 samples were
from the HGDP23 (34 Han and 10 Han-NChina); and 171 samples
were from the International HapMap Project26 (86 CHB [Han
Chinese from Beijing], 85 CHD [Han Chinese from metropolitan
Denver, CO, USA]). These samples represent Han Chinese popula-
tions residing in 26 of the 34 administrative regions of China and
in a region of the USA. These 26 geographical populations can be
classiﬁed into northern Han Chinese (N-Han) and southern Han
Chinese (S-Han), with the Yangtze River used as a geographical
boundary, as proposed by previous studies27 (Figure S1A, available
online). The sample size and average heterozygosity for each
regional population are shown in Figures S1B and S1C, respec-
tively. All procedures were followed in accordance with the ethical
standards of the Responsible Committee on Human Experimenta-
tion (ethics committee of Fudan University) and the Helsinki.
Declaration of 1975, as revised in 2000. In addition, 788
HapMap3 unrelated individuals from the other nine populations
(apart from CHB and CHD) were included in the analysis, which
comprised Japanese from Tokyo, Japan (JPT, n ¼ 89); Gujarati
Indians in Houston, TX, USA (GIH, n ¼ 83);, individuals of
Mexican ancestry in Los Angeles, CA, USA (MEX, n ¼ 47); individ-
uals of African ancestry from the southwest U.S. (ASW, n ¼ 47);
Luhya in Webuye, Kenya (LWK, n ¼ 83); Maasai in Kinyawa,
Kenya (MKK, n ¼ 143); Yoruba in Ibadan, Nigeria (YRI, n ¼
108); Utah residents with northern and western European
ancestry from the CEPH collection (CEU, n ¼ 111); and Tuscans
from Italy (TSI, n ¼ 77).
Genotyping and Data Assemblage
Genotyping of 340 Han Chinese samples was performed with the
Affymetrix Genome-Wide Human SNP Array 6.0 on the Affyme-
trix genotyping platform at Fudan University, Shanghai, in accor-The Americandance with the ‘‘48 Sample Protocol’’ (Affymetrix, Genome-Wide
Human SNP Nsp/Sty 6.0 User Guide; see Web Resources). The
*.CEL ﬁles containing raw intensity data were analyzed with Bird-
suite, version 1.5.5.28 We used the default conﬁdence-score
threshold (0.1) for Birdseed analysis; i.e., genotypes with a conﬁ-
dence score greater than 0.1 were considered as missing data.
This default provides a good compromise between accuracy and
call rate. Genotyping of 1166 Han Chinese samples was performed
with the Illumina Human 610-Quad BeadChips as described else-
where.29 Genotypic data of 44 HGDP Han Chinese samples were
obtained from the HGDP database.4 The genotypic data of
HapMap samples were downloaded from the International
HapMap Project website (phase IIþIII, release no. 27). The data
set was ﬁltered for individuals with > 2% missing genotypes
and SNPs with > 10% missing data, as well as Hardy-Weinberg
disequilibrium (HWD) (p < 0.00001) within regional population.
For the purposes of this study, only SNPs with reference sequence
(rs) numbers and vendor-speciﬁed strands were used in combing
data. The ﬁnal data set comprised 158,015 autosomal SNPs shared
by 1708 Han Chinese and 767 non-Han-Chinese samples.
We investigated batch effect to ensure that it would not affect
the downstream analyses by comparing samples collected from
the same region but genotyped by different chips (data not
shown).
Statistical Analyses, Simulation Studies, and Pathway
Analysis
Unbiased estimates of FST were calculated by following Weir and
Hill.30 Conﬁdence intervals of the FST over loci were calculated
by bootstrap resampling, with 1000 replications. Principal compo-
nents analysis (PCA) was performed at the individual level in
EIGENSOFT version 3.0.31 Great circle distance calculations were
performed by following the approach of Ramachandran et al.32
Permutation tests for between-group identity by state (IBS) differ-
ences were performed in PLINK version 1.0633 with 10,000 permu-
tations; this analysis was for identifying whether or not there are
signiﬁcant differences between groups of individuals.
Simulation studies of whole-genome association analyses were
performed with PLINK version 1.06.33 To examine the effect of
the Han Chinese population structure on a GWAS, we conducted
simulations by sampling individuals from the subpopulations in
different proportions between cases and controls, then evaluated
possible inﬂation of false-positive rates with the use of the
genome-wide x2 inﬂation factor (l) for the genomic control
(GC).34–36 The value of l was computed as the median x2 statistic
divided by 0.455, the predicted median x2 if there is no inﬂation.
We simulated 1000 SNPs associated with disease (population odds
ratio of 2.0) to evaluate statistical power in a GWAS. A uniform
allele-frequency range (0~1) was adopted. Power was calculated
as the number of disease SNPs showing p < 0.05 (unadjusted or
adjusted) divided by 1000.
SNPs showing substantial differences among clusters were inves-
tigated for network and functional interrelatedness with the Inge-
nuity Pathway Analysis (IPA) version 7.6 software tool (Ingenuity
Systems). This software can help the search for information on
genes and/or chemicals, their impact on diseases and cellular
processes, and their role in pathways. IPA scans data generated
by various large-scale technologies, including gene expression
and SNP microarrays, proteomics experiments, and small-scale
experiments, generating gene lists to identify networks by
using information in the Ingenuity Pathways KnowledgeJournal of Human Genetics 85, 762–774, December 11, 2009 763
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Figure 1. Analysis of the First Two Principal Components
The % Eigenvalue is the percentage of the total variance in the ﬁrst ten PCs.
(A) 1708 Han Chinese and 767 non-Han Chinese individuals representing all samples studied.
(B) 1708 Han Chinese and 89 Japanese (JPT) individuals (excluding non-East Asian samples).
(C) Han Chinese individuals (excluding all non-Han Chinese samples).
(D) Han Chinese individuals (excluding CHB, CHD, three metropolitan populations [Beijing, Shanghai, Guangzhou], and two regional
populations close to Shanghai [Anhui and Jiangsu]).Base, a repository of molecular interactions, regulatory events,
gene-to-phenotype associations, and chemical knowledge, all
pulled from the full text of the peer-reviewed life sciences litera-
tures. With IPA, we can analyze data in the context of molecular
mechanisms, identify key mechanistic differences among subpop-
ulations, and further relate molecular events to higher-order
cellular and disease processes.
Results
Cryptic Population Substructures of Han Chinese
The 1708 Han Chinese samples were studied together with
767 HapMap3 unrelated individuals from nine non-Han
Chinese populations (see Subjects and Methods) via PCA
with EIGENSOFT.31 The PCA was performed on the basis
of 158,015 autosomal SNPs shared by all 2475 samples.764 The American Journal of Human Genetics 85, 762–774, DecembThe Han Chinese population shows a rather small genetic
diversity when compared with worldwide populations. In
the PCA plot, all Han Chinese individuals cluster closely
and together with Japanese individuals, with European
and African samples forming distinct clusters, at the other
two angles of the triangle-like plot (Figure 1A). With
160,000 SNPs, Han Chinese and Japanese samples could
be distinguished clearly as two distinct clusters when Euro-
pean and African samples were removed (Figure 1B). When
only Han Chinese samples were analyzed, they seemed to
form a homogenous cluster without observable substruc-
ture (Figure 1C). However, the difference between
northern and southern populations emerged when CHB,
CHD, three metropolitan populations (Beijing, Shanghai,
Guangzhou), and two regional populations close to
Shanghai (Anhui and Jiangsu) were excluded as the ﬁrster 11, 2009
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Figure 2. Principal Components Analysis of Han Chinese Individuals
(A) Analysis of PC1 and PC2 of Han Chinese.
(B) Analysis of PC1 and PC3 of Han Chinese.
(C) Geographical locations of three C-Han populations.
(D) Distribution of PC1 for Han Chinese individuals as classiﬁed into three subgroups.principal component (PC1) classiﬁed all the remaining
samples into two subgroups (Figure 1D), corresponding
to N-Han and S-Han, with the Yangtze River serving as
a geographical boundary (Figure S1).
In the two-dimensional plot of the ﬁrst and second PCs
(Figure 2A), as well as that of the ﬁrst and third PCs
(Figure 2B), most of the samples from Jiangsu, Anhui,
and Shanghai, which are geographically located between
the N-Han and the S-Han (Figure 2C), are also genetically
located between N-Han and S-Han and form the third
subgroup, which is hereafter referred to as central Han
Chinese (C-Han). The average within-subgroup between-
region FST values were 0.00014, 0.00046, and 0.00079
for N-Han, C-Han, and S-Han, respectively, indicating
higher between-region diversity within S-Han. This obser-
vation was echoed by the distribution of PC1, as shown
later (Figure 2D). The pairwise FST of N-Han and S-Han
(0.00116) was much larger than the FST of N-Han and
C-Han (0.00039) and also larger than that of S-Han and
C-Han (0.00108) (Table 1). These results indicated thatThe Americanthe main difference occurs between N-Han and S-Han,
larger than the values of the other two comparisons
(p < 0.002).
Three subgroups of Han Chinese samples formed
distinctive distributions of PC1, those of N-Han and
S-Han almost nonoverlapping and that of C-Han lying
in between and considerably overlapping with those
Table 1. Pairwise FST within and between Han Chinese Subgroups
N-Han C-Han S-Han
N-Han 0.000145 0.00027
C-Han 0.000395 0.00037 0.000465 0.00015
S-Han 0.001165 0.00125 0.001085 0.00103 0.00079 5 0.00091
Abbreviations are as follows: N-Han, northern Han Chinese; C-Han, central Han
Chinese; S-Han, southern Han Chinese. Pairwise FST values within a subgroup
were obtained from the average FST between populations within that
subgroup. Pairwise FST values between two subgroups were obtained from
the average FST between populations from the two different subgroups. The
standard deviation is also shown for each pairwise FST.Journal of Human Genetics 85, 762–774, December 11, 2009 765
of N-Han and S-Han, respectively (Figure 2D).We thus clas-
siﬁed Han Chinese individuals into three clusters
by K-means clustering on PC1 values (F-test, p < 103):
the N-Han cluster (NHC), the C-Han cluster (CHC), and
the S-Han cluster (SHC). As shown in Figure 3 (see Table
S1 also), 92.4% of N-Han individuals were assigned to
the NHC, 87.8% of S-Han individuals were assigned to
the SHC, and 74.2% of the C-Han individuals were
assigned to the CHC. In comparison with the FST value
between Han Chinese clusters and the Japanese
(0.00688), the genetic divergence among three Chinese
clusters (FST [NHCCHC] ¼ 0.00018, FST [SHCCHC] ¼
0.00032, FST [NHCSHC] ¼ 0.00093) is small (Table 2).
However, permutation tests for between-group IBS differ-
ences showed that individuals from the same cluster
were genetically much more similar than those from
different clusters (p < 105), indicating that the N-Han,
C-Han, and S-Han can be taken as separate subpopulations
of Han Chinese. The smaller genetic difference between
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Figure 3. Classification of Han Chinese Individuals into the
Three Clusters
For each population or group (x axis), individuals are assigned to
three clusters. Percentages (y axis) are depicted by three colors rep-
resenting three clusters.766 The American Journal of Human Genetics 85, 762–774, Decembthe NHC and the JPT than that between the JPT and either
of the other two Han Chinese clusters (CHC and SHC)
indicates that the Japanese population is more related to
N-Han, and further suggests that the Japanese population
either initially migrated from north of East Asia or was
more affected by immigrants from northern populations
of East Asia.
Genetic Proﬁles of HapMap, HGDP, and Metropolitan
Han Populations
Both HGDP and HapMap samples have been extensively
used in human population-genetics studies and have facil-
itated the discovery of sequence variants underlying
common diseases.4,6,8,9,26,32 We examined the genetic
proﬁles of two HapMap Han Chinese population samples
(CHB and CHD) and two HGDP Han Chinese population
samples, referred to in HGDP as Han-NChina and Han
(Figure 3, Table S1). CHB individuals are distributed widely
in the NHC (54.8%), the CHC (13.1%), and the SHC
(32.1%) in the PC plots (Figures S3A and S3B). CHD indi-
viduals are also distributed widely in the NHC (7.4%),
the CHC (24.7%), and the SHC (67.9%) (Figures S3C and
S3D). However, Han-NChina individuals were conﬁned
mostly in the NHC (90%) (Figures S4A and S4B), and
Han individuals resembled the SHC clusters (76.5%) (Fig-
ures S4C and S4D).
It is expected that the residents in large cities are immi-
grants from different areas. We examined the genetic
proﬁles of the populations currently residing in the three
largest cities in China: Beijing, Shanghai, and Guangzhou,
which are geographically located in northern, central, and
southern China, respectively. Although our analyses
(Table 2, Figure S5, and Table S1) indicated that metropol-
itan populations at Shanghai, Beijing, and Guangzhou do
not, as a whole, show signiﬁcant difference from the
cluster of which they belong to geographically, the diverse
distribution of individuals on PC plots (Fig. S5) suggestedTable 2. Pairwise FST between Han Chinese Clusters and Population Samples in a Public Database
NHC CHC SHC
CHC 0.00018 (0.00017–0.00019)
SHC 0.00093 (0.00091–0.00095) 0.00032 (0.00031–0.00033)
Beijing 0.00000 (0.00000–0.00005) 0.00008 (0.00001–0.00014) 0.00034 (0.00027–0.00041)
Shanghai 0.00022 (0.00010–0.00032) 0.00000 (0.00000–0.00000) 0.00015 (0.00004–0.00027)
Guangzhou 0.00063 (0.00055–0.00077) 0.00010 (0.00003–0.00017) 0.00000 (0.00000–0.00000)
CHB 0.00020 (0.00017–0.00023) 0.00004 (0.00001–0.00007) 0.00031 (0.00027–0.00034)
CHD 0.00170 (0.00164–0.00174) 0.00084 (0.00080–0.00088) 0.00020 (0.00016–0.00024)
Han-NChina 0.00001 (0.00000–0.00012) 0.00090 (0.00069–0.00110) 0.00187 (0.00163–0.00209)
Han 0.00182 (0.00173–0.00192) 0.00085 (0.00079–0.00093) 0.00000 (0.00000–0.00000)
JPT 0.00688 (0.00680–0.00697) 0.00716 (0.00708–0.00724) 0.00777 (0.00769–0.00786)
Abbreviations are as follows: NHC, northern Han Chinese cluster; CHC, central Han Chinese cluster; SHC, southern Han Chinese cluster. The numbers in paren-
theses are 95% confidence intervals for each pairwise FST.er 11, 2009
that each of them should not be taken as one single
homogenous population.
Correlation of Genetic and Geographical Coordinates
of Populations
Given that PC1 could classify Han Chinese individuals
into northern and southern clusters, we asked whether it
also applies to populations. The genetic coordinate of
a population was calculated by taking the arithmetic
average of the PC1 values of individuals within each
population whose geographical location was unequivocal.
In this analysis, HapMap samples (CHB and CHD) and
HGDP samples (Han-NChina and Han) with uncertain
location information were not included. As shown in
Figure 4A, N-Han populations generally have PC1 values
larger than 0.01, whereas S-Han populations have PC1
values smaller than 0.01, and the average PC1 values of
each C-Han population were between 0.01 and 0.01.
Clearly, the average PC1 values and latitudes of sample
locations were highly correlated (R2 ¼ 0.69, p ¼ 1.27 3
107; Figure 4B). We did not observe signiﬁcant correlation
between the other PCs and geographical coordinates,
although the top ten PCs were all found to be signiﬁcant
on the basis of the TW-test.31 We also did not observe
signiﬁcant correlation of FST between populations and
the geographical distances between them (R2 ¼ 0.003,
p ¼ 0.23; Figure S2).
Highly Differentiated SNPs among Han Chinese
Clusters
To identify the genomic regions that are highly differenti-
ated, in allele frequency, among the three Han Chinese
clusters, we examined the distributions of FST for all of
the SNPs over the entire genome (Figure S6, Figure S7,
and Figure S8). Regardless of the root cause for the differ-
ence in allele frequency, which includes genetic drift
and natural selection, spurious associations are likely to
occur in association studies. In spite of the low level of
differentiation between the NHC and the SHC (average
FST ¼ 0.00093), a substantial proportion of SNPs were
located in the tails of the distribution (empirical p <
103); 191 of the 158,014 SNPs have FST R 0.023 (99.90
percentile). Table 3 lists the SNPs with FST R 0.04
(99.99th percentile; p < 104). The two SNPs that showed
the highest FST were rs174570 C/T (0.066) and rs174570
(0.063). The former resides within an intron on the
FADS2 gene (MIM 606149) located on chromosome 11
(at Chr11:61353788), which is associated with the fatty
acid composition in phospholipids37 and arachidonic
acid levels, a precursor of molecules involved in inﬂamma-
tion and immunity processes, as well as cardiovascular
disease,38 the frequencies of the C allele being 0.692 and
0.512 in the NHC and the SHC, respectively. The SNP
rs2596472 (nearGene-5) is located in the HLA complex
P5 (HCP5 [MIM 604676]) region on chromosome 6 (at
Chr6:31536946), which is associated with HIV infection,
psoriasis, and psoriatic arthritis,38–40 the frequencies ofThe Americanthe A allele being 0.809 and 0.938 in the NHC and the
SHC, respectively. In addition, a missense SNP (Val/Met)
that is one of the top six highly differentiated SNPs is in
the natriuretic peptide precursor A gene (NPPA [MIM
108780]), of which some common genetic variants were
found to be associated with circulating natriuretic peptide
concentrations that contribute to interindividual variation
in blood pressure and hypertension.41–44 Genetic differen-
tiation of the other two pairs of cluster comparisons (NHC
versus CHC and CHC versus SHC) is expectedly lower; 197
of the 158,014 SNPs have FST R 0.011 (99.90 percentile)
between the NHC and the CHC. Next, we searched for
genomic regions that showed relatively higher differentia-
tion, using the FST value for each SNP (FSTR 0.033, 99.99
th
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Table 3. SNPs that Are Highly Differentiated between the NHC and the SHC
SNP FST Raw p Value FDR p Value Chr. Position Gene MIM Number Category
rs174570 0.066 2.40 3 1013 4.61 3 107 11 61353788 FADS2 606149 intron
rs2596472 0.063 7.37 3 1013 7.09 3 107 6 31536946 HCP5 604676 nearGene-5
rs2517646 0.055 2.00 3 1011 1.29 3 105 6 30230554 TRIM10 605701 intron
rs174534 0.054 2.82 3 1011 1.36 3 105 11 61306034 C11orf9 608329 intron
rs1265048 0.052 6.64 3 1011 2.56 3 105 6 31189388 PSORS1C1 N/A nearGene-5
rs5063 0.050 1.65 3 1010 5.28 3 105 1 11830235 NPPA 108780 missense
rs9266629 0.050 2.11 3 1010 5.80 3 105 6 31454801 N/A N/A N/A
rs1419675 0.048 3.56 3 1010 8.56 3 105 6 30200686 N/A N/A N/A
rs198464 0.048 4.61 3 1010 9.85 3 105 11 61278197 C11orf9 608329 nearGene-5
rs9405015 0.045 1.69 3 109 3.26 3 104 6 31263782 N/A N/A N/A
rs4626416 0.043 3.86 3 109 6.59 3 104 6 23243905 N/A N/A N/A
rs2253907 0.042 4.11 3 109 6.59 3 104 6 31444849 N/A N/A N/A
rs2076003 0.041 7.48 3 109 1.11 3 103 1 11806734 CLCN6 602726 intron
rs7537765 0.041 8.63 3 109 1.19 3 103 1 11809890 CLCN6 602726 intron
rs1264704 0.041 9.34 3 109 1.20 3 103 6 30173298 N/A N/A N/A
rs17367504 0.040 1.07 3 108 1.29 3 103 1 11785365 MTHFR 607093 intron
rs2236797 0.040 1.24 3 108 1.40 3 103 1 11815237 CLCN6 602726 intron
rs9295676 0.040 1.39 3 108 1.49 3 103 6 26036355 SLC17A2 611049 intron
Abbreviations are as follows: FDR, p values are corrected by Benjamini and Hochberg step-up false discovery rate control; Chr., chromosome; MIM, Mendelian
Inheritance in Man; N/A, not available.percentile; Table S3). Of the 158,014 SNPs, 166 have FSTR
0.016 (99.90th percentile) between the CHC and the SHC.
The genomic regions that showed relatively higher differ-
entiation by the FST value for each SNP (FST R 0.023,
99.99th percentile) are shown in Table S4.
With IPA, we can analyze data in the context of molec-
ular mechanisms, identify key mechanistic differences
between subpopulations or clusters, and further relate
molecular events to higher-order cellular and disease pro-
cesses. The results of IPA showed a considerable number
of differentiated genes among clusters that are involved
in cardiotoxicity, hepatotoxicity, and nephrotoxicity. The
most signiﬁcant association is with cardiac arteriopathy
(P[NHCCHC] ¼ 3.76 3 10101; P[SHCCHC] ¼ 5.04 3
10128; P[NHCSHC] ¼ 1.39 3 10132).
Simulation Studies of Genome-wide Association
Analyses
In practical studies, it is very important to know how Han
Chinese population substructures can affect the results of
a GWAS, so we conducted a series of simulations to
examine the effect of the population substructures on
false-discovery rate and statistical power. We asked how
many false-positive results there would be if Han Chinese
population substructures were not considered in case-
control sampling and what the statistical power would be768 The American Journal of Human Genetics 85, 762–774, Decembwhen false-positive results due to population substructures
were controlled.
We ﬁrst performed a simulated GWAS by sampling indi-
viduals either as cases or as controls from different clusters;
e.g., N-Han, C-Han, and S-Han. Because of the limited
sample size of real data, we sampled 300 individuals as
cases and 300 individuals as controls from the same cluster
to evaluate the association between false-positive rates and
statistical power (Table 4). The genome-wide x2 inﬂation
factor (l), an indicator of the inﬂation of false-positive
rates due to the presence of population substructure,34–36
was computed as the median x2 statistic divided by
0.455, the predicted median x2 if there is no inﬂation.
The l values were all within an acceptable level
(l % 1.1). For example, l was 1.00 when both cases and
controls were sampled from the NHC (scenario I in Table
4), l was 1.07 when both cases and controls were sampled
from the CHC (scenario II), and lwas 1.05when both cases
and controls were sampled from the SHC (scenario III).
Next, we investigated the scenarios of extreme situa-
tions; i.e., cases and controls were sampled from different
clusters. l was 1.74 when 300 cases were sampled from
the NHC and 300 controls were sampled from the SHC
(scenario IV). In this case, there were 17,843 (11.61%)
SNPs showing an unadjusted p value < 0.05, there were
5667 (3.69%) SNPs showing a GC-adjusted p value <
0.05, and 874 (0.57%) SNPs showed a false-discovery rateer 11, 2009
Table 4. Case-Control Simulation Studies
Scenario
Case Control
l
False Positives (%) Power (%)
NHC CHC SHC NHC CHC SHC Unadj. GC BONF FDR Unadj. GC BONF FDR
I 300 300 1.00 2.90 2.90 0.00 0.01 85.9 85.9 2.6 25.2
II 300 300 1.07 4.95 3.95 0.00 0.00 85.9 84.0 2.6 25.2
III 300 300 1.05 4.81 3.80 0.00 0.00 85.9 84.3 2.6 24.8
IV 300 300 1.74 11.61 3.69 0.03 0.07 85.9 71.9 2.6 38.4
V 300 300 1.20 6.31 3.90 0.02 0.02 85.9 80.9 2.6 26.8
VI 300 300 1.30 7.18 3.94 0.00 0.01 85.9 80.0 2.6 26.9
VII 100 100 100 100 100 100 1.09 8.94 3.90 0.01 0.02 85.9 77.6 2.6 28.5
VIII 100 100 100 300 1.20 6.19 3.87 0.00 0.00 85.9 80.8 2.6 25.3
IX 100 100 100 300 1.09 5.21 4.05 0.01 0.01 85.9 84.0 2.6 26.2
X 100 100 100 300 1.26 6.77 3.90 0.00 0.01 85.9 80.2 2.6 26.0
I 300 (100%) 0 (0%) 300 1.00 2.90 2.90 0.00 0.01 85.9 85.9 2.6 25.2
XI 240 (80%) 60 (20%) 300 1.06 6.05 4.09 0.00 0.00 85.9 82.2 2.6 25.3
XII 210 (70%) 90 (30%) 300 1.10 5.21 3.94 0.00 0.01 85.9 83.7 2.6 25.8
XIII 180 (60%) 120 (40%) 300 1.15 6.03 4.13 0.00 0.00 85.9 82.5 2.6 25.0
XIV 150 (50%) 150 (50%) 300 1.21 6.40 3.94 0.00 0.00 85.9 80.7 2.6 25.8
XV 100 (33%) 200 (67%) 300 1.33 7.69 3.99 0.00 0.00 85.9 79.9 2.6 27.4
IV 0 (0%) 300 (100%) 300 1.74 11.61 3.69 0.03 0.07 85.9 71.9 2.6 38.4
I 300 (100%) 0 (0%) 300 1.00 2.90 2.90 0.00 0.01 85.9 85.9 2.6 25.2
XVI 240 (80%) 60 (20%) 300 1.05 4.59 3.91 0.00 0.00 85.9 84.7 2.6 25.2
XVII 210 (70%) 90 (30%) 300 1.06 4.92 3.99 0.00 0.00 85.9 84.2 2.6 24.9
XVIII 180 (60%) 120 (40%) 300 1.06 4.76 3.96 0.00 0.00 85.9 84.4 2.6 25.2
XIX 150 (50%) 150 (50%) 300 1.07 4.89 4.10 0.00 0.00 85.9 84.4 2.6 24.9
XX 100 (33%) 200 (67%) 300 1.10 5.15 3.93 0.00 0.00 85.9 83.9 2.6 24.9
V 0 (0%) 300 (100%) 300 1.20 6.31 3.90 0.02 0.02 85.9 80.9 2.6 26.8
Abbreviations are as follows: NHC, northern Han Chinese cluster; CHC, central Han Chinese cluster; SHC, southern Han Chinese cluster; Unadj., unadjusted; GC,
p values are corrected by genomic control; BONF, p values are corrected by Bonferroni single-step method; FDR, p values are corrected by Benjamini and Hoch-
berg step-up false discovery rate control.(FDR)-adjusted p value < 0.05 with the use of the Benja-
mini-Hochberg method.45 l was 1.20 when cases and
controls were sampled from the NHC and the CHC, respec-
tively (scenario V). In this case, there were 9716 (6.31%)
SNPs showed an unadjusted p value < 0.05, there re-
mained 5993 (3.90%) SNPs showing GC-adjusted p< 0.05,
and there were 80 (0.05%) SNPs showing FDR-adjusted
p< 0.05. lwas 1.30 when cases and controls were sampled
from the CHC and the SHC, respectively (scenario VI).
In this case, there were 10,906 (7.18%) SNPs showing
unadjusted p < 0.05, there remained 5984 (3.94%) SNPs
showing GC-adjusted p < 0.05, and 89 (0.06%) SNPs
showed FDR-adjusted p < 0.05.
For the investigation of more-realistic scenarios, cases
and controls were sampled from clusters in different case-
control proportions. This is similar to a recent study that
also investigated such scenarios in the Japanese popula-The Americation.22 First, we examined the condition that both cases
and controls were from three clusters with a 1:1:1 ratio
(scenario VII). The l was very close to but still less than
1.1. We then examined conditions in which only the cases
were from three clusters with a ratio of 1:1:1. The l was
larger than 1.2 when controls were from the NHC
(scenario VIII) or the SHC (scenario X), but the l was
smaller than 1.1 when controls were from the CHC
(scenario IX). We further examined to what extent differ-
ences in proportions between case individuals from two
or three clusters and control individuals from the one
cluster would affect l. We conducted case-control simula-
tions in which the control group consisted of individuals
from the one cluster and the case group was a mixture of
individuals from two clusters. With 300 individuals used
for both cases and controls under these conditions, the l
value reached 1.1 when 30% of the cases were from then Journal of Human Genetics 85, 762–774, December 11, 2009 769
SHC (scenario XII in Table 4) or when 67% of cases were
from the CHC (scenario XX in Table 4), with all of the
controls coming from the NHC. If all of the controls
were from the CHC, the l value reached 1.1 when 30%
of the cases were from the NHC (scenario XXII in Table
S4) or when 30% of the cases were from the SHC (scenario
XXVII in Table S3). If all of the controls were from the SHC,
the l value reached 1.2 even when 20% of cases were from
the NHC (scenario XXXI in Table S5) or when 20% of cases
were from the SHC (scenario XXXVI in Table S5). This
suggests that the inﬂation of false-positive rates would
exceed an acceptable level (l % 1.1) for a study design
when the proportion of the individuals from a different
cluster is larger than 30% and the sample size is 300.
This indicates that including a substantial proportion of
individuals from the other clusters would increase the
rate of false-positive results even if the sample sizes were
much smaller than 1000. Because l is expected to increase
linearly with sample size, if the sample size is larger than
300, inclusion of individuals from the other clusters could
affect the results of the association study even when the
proportion is small.
We also evaluated the statistical power in all of the above
scenarios. We simulated 1000 SNPs associated with disease
(population odds ratio of 2.0) by using a uniform allele-
frequency range (0~1). Power was calculated as the number
of disease SNPs showing p < 0.05 (unadjusted or adjusted)
divided by 1000. In all of our simulation studies with
a sample size of 300, the unadjusted power was 85.9%.
The power could be increased as the sample size increased
(data not shown). As expected, a GC could result in lower
power. With increasing values of l, more power could be
lost. For example, when cases and controls were sampled
within the CHC cluster (l ¼ 1.07), the power after inclu-
sion of a GC decreased from 85.9% to 84.0% (scenario II
in Table 4), and when cases and controls were sampled
from the SHC and the NHC, respectively (l ¼ 1.74), the
power after inclusion of a GC decreased from 85.9% to
71.9% (scenario IV in Table 4).
In all of the scenarios, the statistical power of the GCwas
affected much more heavily than that of the FDR control
when population stratiﬁcation existed. However, the
power decreased signiﬁcantly after FDR control; i.e., most
of the scenarios had less than 30% power, or only about
300 of 1000 simulated disease loci showing p < 0.05 after
FDR control, although the power was still much higher
than that after Bonferroni correction (2.6%; Table 4, Table
S4, and Table S5).
Discussion
We have shown in the present study that the Han Chinese
population, a seemingly homogeneous population, is actu-
ally complicatedly substructured, with the main observed
clusters roughly corresponding to N-Han (NHC),C-Han
(CHC), and S-Han (SHC). Our results showed that the770 The American Journal of Human Genetics 85, 762–774, Decembgreatest genetic differentiation of Han Chinese is between
the NHC and the SHC. Previous studies based on anal-
yses of archeological, anatomical, linguistic, and genetic
data consistently suggested the presence of a signiﬁcant
boundary between the northern and southern popu-
lations in China.46 Genetic differentiation between the
northern and southern populations was observed at
classic markers,27,47–49 microsatellite DNA markers,50
mtDNA,51–53 and Y chromosome SNP markers.54,55 Using
classic markers, Xiao et al.27 proposed a genetic boundary
located approximately at the Yangtze River. Wen et al.51
found that the mtDNA haplogroup distribution showed
substantial differentiation between N-Han and S-Han. It
is interesting that in our data, PC1 values and latitudes of
sample locations were highly correlated but we did not
observe signiﬁcant correlation between FST and geograph-
ical distances, suggesting that the population differentia-
tion could have primarily resulted from isolation due to
a geographical barrier such as the Yangtze River, which
runs across China from west to east.
We emphasize that the intention of this classiﬁcation is
not to precisely deﬁne the ancestry of Han Chinese indi-
viduals. The complex origins, historical immigrations,
and recent intermarriages with other ethnic groups
preclude the possibility of unambiguously identifying
the ancestry of Han Chinese at an individual level. In
other words, the gene pool of the Han Chinese is very
entangled. The genetic admixture of complex ancestries
has been embedded in each individual genome, and
each chromosome is fragmentally composed of mosaic
ancestries. Therefore, it is almost impossible to assign
a particular ancestry to a Han Chinese individual. In
addition, genetic-differentiation values among these clus-
ters (FST [NHCCHC] ¼ 0.0002; FST [SHCCHC] ¼ 0.0003;
FST [NHCSHC] ¼ 0.0009) are much smaller than that
between the Han Chinese and the Japanese population
(0.007–0.008). As a matter of fact, Han Chinese (CHB)
and Japanese (JPT) samples are generally combined as
one sample group representing East Asia in the HapMap
data set,10,11 and they formed a cluster in PC plot when
worldwide population samples were jointly analyzed (Fig-
ure 1A). It may be scientiﬁcally appropriate to pool data
from Han Chinese samples when the data are described
as the combined analysis panel because they have very
small difference in allele frequencies as compared with
worldwide populations. Indeed, consistent with our
previous observations,24 we found that the genetic differ-
ences among Han Chinese subpopulations were much
smaller than those among European populations (FST ¼
0.0097, p ¼ 3.48 3 1010), on the basis of both HGDP
and HapMap data.
However, the simulated case-control studies showed that
the observed genetic differentiation could lead to an
inﬂated rate of false-positive results even when the sample
size is moderate. For example, if there were 300 individuals
for both cases and controls, with all of the controls coming
from the NHC, the genome-wide x2 inﬂation factor, l,er 11, 2009
would reach 1.1 when 30% of the cases were from the
SHC. Considering the frequent population ﬂow of Han
Chinese across the country as a result of socioeconomic
and political factors, when an association study is
intended to be conducted in one of the clusters, it is not
uncommon for a substantial proportion of samples to be
from the other clusters. Furthermore, it was expected
and was observed that a linear increase of l occurs as
the sample size increases.22 The acceptable proportion of
subjects from the other clusters that would prevent l
from reaching 1.1 will be even smaller when the sample
size is larger than 300, because even minor stratiﬁcation
can have a substantial impact on population-based studies
with large sample sizes36,56,57 (for example, 1000, as the
current GWAS generally adopted). On the other hand,
the simulated studies showed that inclusion of a higher
proportion of individuals from the CHC cluster (Table 4)
may not seriously affect the results of the association
study when the sample size is smaller than 1000, which,
as was observed in our data, may possibly explain the rela-
tively small genetic differentiation between the NHC and
CHC (Table 2). In summary, although differences in allele
frequencies among Han Chinese clusters are small, our
study has demonstrated the importance of accounting
for population stratiﬁcation in order to reduce false-posi-
tive associations.
We have shown how inclusion of different proportions
of individuals from different subgroups in case and control
groups would lead to spurious associations. To determine
in which regions spurious associations are likely to occur,
we examined the differences in allele frequencies among
the three Han Chinese clusters. In our data, most genes
that show great differences among clusters are involved
in cardiac arteriopathy, as IPA58 revealed. However, it is
not clear what kind of factors led to the differences in those
genes. Given that the Han Chinese subgroups correlate
with their geographical locations along the latitudes,
temperature and exposure to ultraviolet light could be
possible determinants, but additional studies are needed
for conﬁrmation of those hypotheses. Other factors, such
as food, pathogens, and life style, could also be responsible
for differentiation between Han Chinese in north and
those in the south. One of the top two SNPs, rs2596472,
is in the HLA complex P5 (HCP5) region (nearGene-5),
which is associated with HIV infection, psoriasis, and
psoriatic arthritis, suggesting that the immune systems of
northern and southern populations could be subjected to
different pressures from virus and other diseases. These
signals showing signiﬁcant differences among Han
Chinese clusters should be carefully explained in case
they are also detected in a single association study, espe-
cially when sample sources are diverse.
The two HGDP Han Chinese population samples
resemble N-Han and S-Han, respectively. However, the
small sample size and lower density of genome-wide data
available limit their utilities in GWAS or other association
studies, although these samples have been extensivelyThe Americanused in population, evolutionary, and forensic genetic
studies.4,6,8,9,32
The HapMap samples are the most intensively studied
samples in recent years, since the International HapMap
Project was established in 2002 in order to facilitate the
discovery of sequence variants underlying common
diseases.26 One primary usage of HapMap data in associa-
tion studies is to select tag SNPs from a HapMap panel
that is in ancestry close to the studied population; for
example, tag SNPs were selected from CHB data when
a candidate gene was to be genotyped in Han Chinese
samples for association study.59,60 Another usage of
HapMap data in GWAS is to impute SNPs that are not
directly genotyped in studied samples but are present on
a HapMap panel.61,62 In phase III of the International
HapMap project, two Han Chinese population samples
(CHB and CHD) were included. The CHB samples were
collected from individuals residing near Beijing Normal
University, which is located in northern China. Although
in the PC plot CHB individuals distribute widely and across
the three clusters, CHB is more similar to N-Han than to
S-Han when it is taken as a representative of one single
population. The other HapMap Han Chinese population
samples, CHD, were collected from unrelated individuals
living inmetropolitan Denver, CO, USA. The CHD individ-
uals who donated samples emigrated from many different
locations of China. In the PC plot, similarly to CHB indi-
viduals, CHD individuals distribute widely and across the
three clusters. However, CHD is more similar to S-Han
than to N-Han when it is taken as a representative of one
single population. Therefore, considering the genetic
differences between and afﬁnities of the two HapMap
Han Chinese population samples, CHB and CHD should
be separately chosen as N-Han and S-Han references for
tagSNP selection or data imputation if an association study
is performed in typical N-Han or S-Han samples.
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